Im, "Toward more intuitive brain-computer interfacing: classification of binary covert intentions using functional near-infrared spectroscopy," J. Biomed. Opt. 21(9), 091303 (2016), doi: 10.1117/1.JBO.21.9.091303. Abstract. In traditional brain-computer interface (BCI) studies, binary communication systems have generally been implemented using two mental tasks arbitrarily assigned to "yes" or "no" intentions (e.g., mental arithmetic calculation for "yes"). A recent pilot study performed with one paralyzed patient showed the possibility of a more intuitive paradigm for binary BCI communications, in which the patient's internal yes/no intentions were directly decoded from functional near-infrared spectroscopy (fNIRS). We investigated whether such an "fNIRS-based direct intention decoding" paradigm can be reliably used for practical BCI communications. Eight healthy subjects participated in this study, and each participant was administered 70 disjunctive questions. Brain hemodynamic responses were recorded using a multichannel fNIRS device, while the participants were internally expressing "yes" or "no" intentions to each question. Different feature types, feature numbers, and time window sizes were tested to investigate optimal conditions for classifying the internal binary intentions. About 75% of the answers were correctly classified when the individual best feature set was employed (75.89% AE1.39 and 74.08% AE2.87 for oxygenated and deoxygenated hemoglobin responses, respectively), which was significantly higher than a random chance level (68.57% for p < 0.001). The kurtosis feature showed the highest mean classification accuracy among all feature types. The grand-averaged hemodynamic responses showed that wide brain regions are associated with the processing of binary implicit intentions. Our experimental results demonstrated that direct decoding of internal binary intention has the potential to be used for implementing more intuitive and user-friendly communication systems for patients with motor disabilities.
Toward more intuitive brain-computer interfacing: classification of binary covert intentions using functional near-infrared spectroscopy Han 
Introduction
There are a number of individuals suffering from neurological disorders such as amyotrophic lateral sclerosis, multiple sclerosis, and brainstem stroke. They progressively lose their ability to regulate their neuromuscular systems, and consequently have difficulties in expressing their thoughts or intentions through the brain's normal output pathways. To provide those who are severely paralyzed with an alternative communication channel, brain-computer interfaces (BCIs) have been intensively studied for the last few decades. BCI is a nonmuscular communication method that translates brain signals into predefined commands for controlling external devices or communicating with others. To implement BCI systems, various neuroimaging modalities have been employed, such as electroencephalography (EEG), functional near-infrared spectroscopy (fNIRS), magnetoencephalography, and functional magnetic resonance imaging (fMRI), among which EEG has been most frequently used due to its reasonable price and portability. 1 Recently, fNIRS has attracted growing interest from BCI researchers, as it is less susceptible to environmental noises and electrophysiological artifacts (e.g., electro-oculogram and muscle activity) compared to EEG. 2 A variety of mental tasks have been used for implementing fNIRS-based BCI systems, e.g., motor imagery, mental arithmetic, music imagery, mental counting, and object rotation. 2 So far, a large number of fNIRSbased BCI studies [3] [4] [5] [6] [7] [8] [9] [10] have demonstrated that different mental tasks can be classified with accuracies high enough to be used for practical BCI communication systems (at least 70% accuracy is necessary for practical binary communications).
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A representative BCI application based on the mentalimagery-based BCI paradigms is a binary yes/no communication system, which is simple, but very useful for patients with severe locked-in syndrome (LIS). In general scenarios of fNIRSbased binary communication, two different mental tasks that elicit distinct brain hemodynamic responses (e.g., left-and right-hand motor imagery) are selected. While the user of the BCI system performs one of two mental tasks, the pretrained classifier decides which mental task the user is currently performing. Since each of the two mental tasks is assigned to either a "yes" or "no" intention, the user can express his or her binary intentions by simply performing one of the two designated mental imagery tasks.
Several previous studies showed the possibility of applying the mental imagery paradigm to the development of binary BCI systems, [12] [13] [14] but the arbitrary task-to-intention mapping has inherent limitations. It generally requires short-term working memory resources to imagine given mental tasks. 15 In addition, user training periods are necessary to generate reliable task-specific brain patterns. [16] [17] [18] Most importantly, it has been frequently reported from EEG-based BCI studies that some subjects called "BCI illiterate" cannot elicit consistent brain activity patterns for specific mental tasks even after extensive training (the portion is about 15% to 30%, depending on the tasks). 19, 20 On the other hand, a recent pilot study showed that it might be possible to decode internal yes/no responses to disjunctive questions from fNIRS signals. 21 The "direct intention decoding" paradigm was applied to a patient with complete LIS, and a meaningful classification accuracy (>70%) was reported. This paradigm could be used as a promising alternative to the conventional paradigms for developing a more intuitive and userfriendly binary BCI system; however, since the direct intention decoding paradigm was tested with only one subject in the previous study, additional validation studies are needed to further confirm its feasibility and reliability.
In this study, motivated by the previous pilot study that decoded internal yes/no intentions from brain hemodynamic responses, 21 we investigated whether this direct intention decoding paradigm can be reliably used for practical BCI communications. To this end, we replicated an experimental paradigm similar to the previous study with eight healthy subjects. In the experiments, the participants were given 70 disjunctive questions through a set of speakers, and asked to internally answer "yes" or "no," during which the hemodynamic responses of the brain were measured using a multichannel fNIRS device. The recorded hemodynamic responses were used for discriminating "yes" and "no" covert intentions, where different feature types, numbers of features, and analysis time periods were tested to investigate optimal classification conditions.
Method

Participants
Eight participants (all males and right handed, 23 to 30 years of age) took part in this study. None of them had a previous history of neurological or psychiatric disorders that might affect the experimental results. The general concept of BCI technology, our research goal, and experimental procedures were sequentially explained to the participants before the experiments, and they provided written informed consent. They were given monetary reimbursement for their participation in the experiments. Ethical approval was obtained from the Institutional Review Board of Hanyang University.
Disjunctive Questions
In the previous reference study by Gallegos-Ayala et al., 21 two types of questions with known and unknown answers were used, where mostly questions with known answers were tested. In this study, we only considered questions with unknown answers to reflect realistic communication situations in daily life. Seventy disjunctive questions that were grouped into five different classes were prepared for this study (see Appendix). All of the questions asked about the participant's current emotional state and/or personal tastes in various objects, e.g., "Are you thirsty?," "Do you like cats?," "Do you want to go to the Amazon?," and "Do you want to get a fountain pen?." Each question was divided into two parts, and the second part included a critical word (e.g., "Are you" + "thirsty?," "Do you want to go to" + "Amazon") that determines the answer. All of the questions were translated into Korean to help the native Korean participants understand the meaning of the questions without a delay.
Experimental Paradigm
Before the experiments, the participants were asked to sit in a comfortable armchair facing a 17-in. LCD monitor placed at a 1-m distance from the participants. Figure 1 shows the experimental paradigm used in this study. In the beginning of the experiment, a preparation time of 10 s was given to the participants, when they were instructed not to move their body and concentrate only on the upcoming question. Following this, the first part of a disjunctive question was presented for 2 s (e.g., "Are you") and the critical word was presented for 3 s (e.g., "hungry?") through two loud speakers placed at both sides of the monitor. The durations of the time periods (2 and 3 s) were determined considering the general lengths of the questions translated into Korean. The participants were asked to internally answer either "yes" or "no" for 10 s right after listening to a question, while they were asked to stare at a black fixation cross located at the center of the monitor. Each participant was asked to press either the "yes" button or the "no" button on a response pad when the word "Click" appeared on the monitor. All of the participants generally responded within 1 to 2 s. After a 5-s break, the same procedure was repeated until all 70 questions were presented. The numbers of "yes" and "no" responses were different among the subjects, as they responded based on their emotional state and personal tastes, but the mean ratio of "yes" and "no" responses was almost identical (0.502 and 0.498, respectively), as shown in Table 1 .
fNIRS Data Acquisition
During the experiments, task-related cerebral hemodynamic responses were recorded using a multichannel near-infrared spectroscopy (NIRS) imaging system (FOIRE-3000, Shimadzu Co. Ltd., Kyoto, Japan) in a dimly lit, soundproof room. Figure 2 shows the NIRS optode distribution and the channel location. For data recording, 31 optical fiber probes, consisting of 16 sources and 15 detectors, were attached to the subject's scalp. The light sources emitted three different wavelengths of 780, 805, and 830 nm. The central optode was placed on Cz according to the international 10-20 EEG electrode system, as shown in Fig. 2 . The distance between adjacent optodes was set to 3 cm because it has been shown in previous fNIRS studies that this interoptode distance is ideal for measuring cortical hemodynamic response changes. 22 Since all subjects had black hair that might have decreased the signal-to-noise ratio of the NIRS signals, we carefully adjusted their hair during NIRS preparation until the measurement intensity level became acceptable. We used the Automatic Adjustment Function in the measurement software provided by the company. In particular, the negative high-voltage values of the photomultiplier were appropriately set between 100 and 1000 V, and measurement intensity was thereby set between 0.05 and 4 V for all three wavelengths when input intensity was between 0 and 10 V. The task-related light intensity changes were recorded from 50 scalp locations with a sampling rate of 10 Hz. The recorded light intensities were then converted into the concentration changes of oxygenated and deoxygenated hemoglobin ([oxyHb] and [deoxy-Hb], respectively) using the modified BeerLambert law before data analysis (extinction coefficients of 780-, 805-, and 830-nm wavelengths: 0.7360, 0.8973, and 1.0507 for [oxy-Hb], and 1.1050, 0.8146, and 0.7804 for [deoxy-Hb]; differential pathlength factor: 1 for all three wavelengths). 23 The NIRS optode configuration used in this study fully covered the sensorimotor area and partly covered the temporal area, which are the brain regions employed in the previous study that first attempted to classify internal yes/no responses using fNIRS signals. 21 (Pre)frontal and occipital areas were also partly covered by our optode configuration. This wider coverage of brain regions can allow for investigating brain areas relevant to the processing of internal yes/no intentions. Figure 3 shows the pipeline of the data processing, consisting of preprocessing, feature extraction, feature selection, and classification. The following subsections provide detailed descriptions of each analysis step.
fNIRS Data Analysis
Preprocessing
A common average reference (CAR) spatial filter was first applied to the [oxy-Hb] and [deoxy-Hb] responses to remove common noise components (e.g., effect of scalp blood flow changes), for which the mean hemoglobin values of all channels were calculated and then subtracted from the hemoglobin values of each channel for every time point. The CAR method, commonly used in EEG-based BCIs, has shown good performance for reducing common noise components, 24, 25 and has also been successfully applied to fNIRS data analyses. [26] [27] [28] After the application of the CAR filter, each hemoglobin response was filtered using a bandpass filter with cutoff frequencies of 0.01 and 0.09 Hz using a fourth-order Butterworth zero-phase filter in order to filter out spontaneously generated physiological components known to originate from Mayer waves (approximately 0.1 Hz), heart rate (1.6 to 1.8 Hz), and breathing (0.2 to 0.3 Hz). Also, the bandpass filtering removed linear trend of NIRS signals by filtering out NIRS signals below 0.01 Hz. The frequency band of 0.01 to 0.09 Hz was selected based on the previous fNIRS-based BCI studies. 
Feature extraction
For the feature extraction, we used 10-s epochs measured while the participants were covertly answering a given question (see Fig. 1 ). Since task-related hemodynamic responses generally appear with a varying delay of 3 to 8 s, 4, 5, 9, 30 different time windows were used to extract candidate features. Each time window was defined by a start time ranging from 1 to 6 s and an end time spanning from 5 to 10 s. The increment time was set to 1 s for both start and end times. All possible combinations of start and end times were then used to construct different time windows. 5, 9, 31 Based on the previous fNIRS-based BCI studies, 5,9,31,32 the following five different feature types were extracted from each time window's data to investigate the influence of feature types on the classification performance:
1. Mean: Averaged signal amplitude over the time window E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 1 ; 6 3 ; 5 4 4x
2. Variance: A measure of signal spread E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 2 ; 6 3 ; 4 7 9
3. Skewness: A measure of the asymmetry of the probability distribution of signal values relative to its mean E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 3 ; 6 3 ; 4 0 3 s 1 ¼
4. Kurtosis: A measure of the peakedness of the probability distribution of signal values relative to its mean E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 4 ; 6 3 ; 3 1 6 k ¼
5. Slope: A measure of the steepness of signal values E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 5 ; 6 3 ; 2 4 2 s 2 ¼
where x t is a hemodynamic response signal value at a time point t, and a and b are the first and last time points in each time window, respectively.
The candidate features were independently evaluated for all possible combinations of the time windows, 50 channels, and the five feature types for the [oxy-Hb] and [deoxy-Hb] responses recorded during 70 trials (70 different questions).
Feature selection
A large number of features might cause overfitting of a classifier constructed from the training data, thus feature selection is an essential step in pattern classification problems based on machine learning techniques. In this study, we used the Fisher score, which has been frequently used in fNIRS-based BCI literature and has shown high performance. 6, 7, 9, 33 The Fisher scores were calculated for all elements of the constructed feature set E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 6 ; 3 2 6 ; 5 6 5
where μ and v are the mean and variance, respectively, of the designated class. The subscript i represents the i'th feature element. Since the Fisher score is defined as the ratio of the difference of the means of features in two classes to the sum of variances of features in the same class, a higher Fisher score guarantees larger separability between different classes. Thus, the best feature subset is generally constructed by selecting the top N features having the highest Fisher scores. As the optimal number of features varies among subjects as well as feature sets, different numbers of features ranging from 2 to 6 were independently tested for each feature set, as in the previous fNIRS-based BCI study, 9 which showed little change in the classification accuracy with more than six features.
Classification
The leave-one-out cross-validation (LOOCV) method was used to evaluate the performance of classifying covert binary intentions. The LOOCV method leaves one trial as the test data and constructs a classifier using the other trials (training data set). The one trial left is then tested using the constructed classifier, and this procedure is iterated until every trial is used as the test data. The numbers of correct and incorrect predictions are counted during LOOCV, and the classification accuracy is then estimated by dividing the number of correct predictions by the total number of trials. In this study, a classification accuracy was calculated separately for "yes" trials (sensitivity) and "no" trials (specificity), then an adjusted accuracy was evaluated by averaging sensitivity and specificity to accounts for the unbalanced numbers of "yes" and "no" trials. 34 The LOOCV method was separately applied to all possible [oxy-Hb] and [deoxy-Hb] feature sets for each subject. To avoid potential biases in estimating classification accuracy, feature selection was independently performed using the Fisher score in every cross-validation step; thereby features selected for constructing a classifier varied among the 70 cross-validations. Linear discriminant analysis, which was used as a classifier, has been successfully employed in many fNIRS-based BCI studies. [4] [5] [6] 9, 32, 33, 35 Table 2 shows the best classification accuracies of each subject for [oxy-Hb] and [deoxy-Hb] responses, and their corresponding optimal feature sets. For example, the best classification accuracy (77.50%) of subject S1 was obtained from the feature set constructed using slope features in a time period of 2 to 10 s, when the number of selected features was three. All subjects showed significantly higher classification accuracies than a random chance level (68.57% for p < 0.001), which are also higher than the marginal classification accuracy of 70% that determines whether a binary BCI system can be used for practical communication. 11 The Figure 5 shows the optimal analysis time periods of each subject in terms of the classification performance. Each horizontal Table 2 Classification accuracies of each subject attained using the best feature set for [oxy-Hb] and [deoxy-Hb] responses. Selected features (channels) were different in each cross-validation step because training data were continuously changed during LOOCV. The six channels most frequently selected during the whole LOOCV steps over all subjects and their selection ratios are as follows: ch. 14 (20.22%), 16 bar represents the best analysis time window, within which the number of selected features, feature type, and classification accuracy are shown. The best analysis time periods were highly dependent on the subjects, and no general trend could be found. Figure 6 shows the best classification accuracies of each subject with respect to feature type. The kurtosis feature generally showed a higher mean accuracy than the others for both [ Table 2 for the subjects S2-S4 and S6-S8, and for S3-S4 and S6-S7, respectively. The following is the detailed information on kurtosis feature sets used for the other subjects: 
Discussion
In classical fNIRS-based BCI studies, binary communication systems have generally been implemented by assigning two distinct mental imagery tasks to "yes" or "no" answers. For the implementation, so far, more than 10 mental tasks have been adopted. 2 In this study, following the previous pilot study that tried to directly decode internal yes/no thoughts through fNIRS, 21 we investigated whether the direct intention decoding Journal of Biomedical Optics 091303-7 September 2016 • Vol. 21 (9) paradigm can be reliably used for binary communications. Our experimental results demonstrated that individual covert binary intentions could be reliably classified using fNIRS signals with classification accuracy high enough to be used for binary communication applications (>70%).
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As discussed in a study by Luu and Chau, 35 the traditional task-based BCI paradigm was neither intuitive nor user-friendly for binary communication due to indirect task-to-intention mapping. Compared to the traditional BCI paradigm, the main advantage of the direct intention decoding paradigm is that the user can naturally make yes/no binary decisions based on current internal states, thereby requiring less cognitive load than the conventional one. Thus, it is highly expected that the paradigm based on direct decoding of user intention can contribute to the development of more intuitive binary communication systems. We also expect that this paradigm can be used as an alternative to the existing mental-task-based BCI paradigms, when patients cannot produce certain task-specific brain activities, generally known as "BCI illiteracy." 19, 20 Further studies would be needed with more subjects not only to generalize our results, but also to enhance the overall performance (e.g., information transfer rate) for the user-friendly BCI paradigm to be used for practical communication applications. In future studies, development of general classification models that can be constructed using existing training data need to be considered for those who are completely locked-in, because building an individualized classification model might not be always available for some of them.
Interestingly, the kurtosis feature showed statistically higher accuracy than the mean and variance features in [oxy-Hb] results, both of which have been most frequently used in traditional fNIRS-based BCI studies.
2 Similar trends were also observed in [deoxy-Hb] results, but there was no statistically significant difference among different feature types. Note that the previous reference study used only the "mean" feature. 21 It was observed from Figs. 7 and 8 that "yes" covert intentions increased [oxy-Hb] responses in prefrontal areas and decreased the responses over parieto-occipital areas in general. The inverted [oxy-Hb] responses were mostly seen for "no" intentions over the same brain areas; thereby these brain areas produced significantly different [oxy-Hb] responses between the two conditions ("yes" versus "no"), as shown in Fig. 7 . In particular, the significant differences between the two conditions are observed on the prefrontal areas (ch. 47 to 50). As mentioned earlier, [deoxy-Hb] responses are almost reversed compared to the [oxy-Hb] responses, but there was a relatively smaller difference between the two conditions around the prefrontal areas. Thus, remarkable differences in [deoxy-Hb] responses between the two conditions are mostly observed around parieto-occipital areas, especially on right parietal areas (ch. 11, 14, 15, 23, 25, and 28) , as shown in Fig. 8 . It has been well documented that prefrontal and parietal brain areas are strongly associated with conscious intention, "holding something in mind," 21,36-38 which could explain the most significant differences in hemodynamic responses between internal "yes" and "no" conditions over prefrontal and parietal brain areas. In line with these results, the distribution of the Fisher's score in Fig. 9 also showed that prefrontal and parietal areas would be most closely involved in processing binary covert intentions. In addition, the strong involvement of prefrontal areas observed in the [oxy-Hb] responses indicates that the binary communication system based on the direct intention decoding paradigm could be potentially implemented with portable "headband-type" fNIRS systems that cover only prefrontal areas. 
